Abstract-As a new financial loan model, peer-to-peer (P2P) lending has been widely spread across the world since emerging, especially in China. However, it often involves risk events, including difficult cash withdrawal, escaping with money, financial fraud, and trouble management etc. Therefore, how to evaluate its operational efficiency and determine a good platform plays a vital role in the operation of P2P lending platforms, which is also valuable for inexperienced lenders. In this paper, a data envelopment analysis (DEA) method was applied for measuring operational efficiency so as to separate efficient and inefficient P2P platforms in China. The results indicated that on the basis of the CCR model, the ratio of efficient and inefficient units in 60 platforms was 40% and 60% respectively; and the average of technical, pure technical and scale efficiencies of inefficient units were 0.700, 0.842, 0.800 respectively, which demonstrated that most of the difference between in efficient and inefficient units lies in the return to scale. The results also suggested the efficient benchmarking targets to guide inefficient units toward the efficient units.
I. INTRODUCTION
As a novel loan model, peer-to-peer lending (P2P) has emerged and been spread widely in the world, which aims to bridge the gap and mismatch between supply and demand of the finical loan market. Since the world first P2P lending platform Zopa has launched at London in 2005, P2P lending has attracted considerable attention from both the academy and industrial specialists in the field of economic, finance, computer science, etc [1] .
P2P lending aims to mitigate information asymmetries and match the financial demand between both lenders and borrowers, which is expected to eliminate expensive intermediaries and reduce transaction costs through online platforms [2] [3] .
Although P2P lending is an emergent phenomenon, there is an increasing amount of literature concerning this topic. For instance, some researchers address roles and impact of social networks on P2P lending. Freedman [4] suggested that, in Prosper, lenders can obtain some soft information about the default risk from the borrowers' social networks in order to compensate for the lack of hard information. Besides, Herzenstein et al [5] found that borrower attributes such as demographic characteristics, financial strength, and effort prior to making the request affect the likelihood of funding success as well as financial strength. Chen et al. [6] investigated the relationship between individuals' group social capital and their lending outcomes in P2P lending, which found that the borrower's general group social capital and relational social capital yielded inconsistent effects, and the borrower's structural social capital had a negative impact on their funding and repayment performance.
In addition, the existence of P2P lending's information asymmetry resulted in herding behaviors, which described the situation that an individual could make the decisions by following the decisions of others. Lee and Lee [7] employed multinomial logit market-share model to empirically investigate herding behavior in the P2P lending market in Korea, and found strong evidence of herding and its diminishing marginal effect as bidding advances. Zhang and Liu [8] used the panel data of Prosper to examine herding behavior, and showed that rational herding beats irrational herding in predicting loan performance. Zhang and Chen [9] further investigated the loan requests in RenRenDai and found evidence for the existence of both rational and irrational herding in the P2P lending market.
Some researchers also pay attention to other issues, including discrimination, default risk, credit scoring, and decision aid et al [10] [11] [12] [13] . Pope and Sydnor [10] found evidence of significant racial disparities in P2P lending, where loan listings with blacks were 25 to 35 percent less likely to receive funding than those of whites with similar credit profiles. Guo et al. [11] studied the credit risk assessment and investment portfolio in P2P lending. They proposed an instance-based credit risk assessment model. The results demonstrated the superiority of instance-based risk assessment model. Serrano and Gutié rrez [12] proposed a P2P lending profit scoring system so as to estimate loan default probability. The results indicated that a lender's outcome by applying a profit scoring system outperforms the outcome obtained by using a logistic regression-based credit scoring system. Puro et al [13] addressed the borrower decision aid to help the borrower to quantify his strategic options, such as starting interest rate, and the amount of loan requested. Dorfleitner et al. [14] investigated the relation of soft factors derived from the description texts to the probability of successful funding and the default probability for two European P2P lending platforms, which found that spelling errors, text length and positive emotion evoking keywords predict the funding probability on the less restrictive of both platforms; conditional on being funded, text-related factors hardly predict default probabilities in peer-to-peer lending for both platforms. networks, micro herding behaviors, discrimination, default risk, et al, which can help one to understand the micro economics as well as operation dynamics of P2P lending. However, there are few research efforts focusing on macro operational efficiency of P2P lending platforms, which affects the business potential of P2P lending, involvement of lenders and borrowers, and the daily operation of P2P lending platforms.
Actually, in one hand, despite of P2P lending's popularity and advantages, it often suffers from risk events, including difficult cash withdrawal, escaping with money, financial fraud, and trouble management, et al; in other hand, the long-term success of P2P lending platforms relies on its operational efficiency. Moreover, it's difficult for inexperienced lenders to judge the quality of the loans, because lenders "bear the default risk and few of them are experts in risk management ", which will affect the lenders' willingness to make investment decisions across numerous P2P lending platforms [15] .
Hence, a scientific and reasonable analysis of operation efficiency is needed to assess the operational capability and the future business potential of online peer-to-peer lending platforms as well as guide the lender to choose a good P2P platform and make an investment decision. This paper is going to address the issue of operation efficiency assessment, which aims to help us identify both the efficient and inefficient platforms, and then improve the inefficient platforms' efficiency by benchmarking efficient targets.
The rest of the paper is organized as follows. Section II presents a brief introduction of data envelope analysis (DEA) and the classical CCR model. Section Ⅲ carries out DEA-based empirical study and discussed the results after describing the sampling data and giving some descriptive statistical analysis. In section Ⅳ, we give some conclusion remarks by presenting limitations and future research.
II. DATA ENVELOPEMENT ANALYSIS
Data envelope analysis (DEA) is firstly proposed by Charmes, Cooper, and Rhodes, and named as CCR model, which is a non-parametric approach to estimate efficiency frontiers in multi-input and multi-output systems [16] [17] . 
The basic idea of DEA is to find the optimal weights so as to maximize the ratio of the sum of weighted inputs to the sum of weighted outputs for any DMU.
A. CCR model
The input-oriented CCR model is defined as follows [16] , the efficiency of DMU 
B. BCC model
Banker et al. [17] introduced BCC model in order to measure the variable returns to scale.
The BCC model is presented as follows: 
C. DEA Efficiency
Definition (DEA Efficiency) [18] [19] So, all of the DMUS can be classified into two sets of efficient and inefficient units by CCR model; the inefficient units can be ranked according to their efficiency scores. Furthermore, BCC model gives the pure technical efficiency (PTE) of DMUs without any scale effect, while CCR measures the technical efficiency (TE), which is a product of pure technical efficiency (PTE) and scale efficiency (SE).
The scale efficiency can be derived as follows:
III. EMPIRICAL STUDY In this section, some input and output indicators were defined, and then an empirical study about 60 P2P platform's operation efficiency will be carried out, where a data sampling and collection was presented, followed by a simple descriptive statistical analysis. Furthermore, a detailed DEA-based operational efficiency assessment was investigated.
A. The input and output indicators
In this section, we will define the input and output indicators in order to describe each DMU's characteristics and make the operational efficiency assessment for the DMUs, which refer to the P2P lending platforms in China.
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According to the empirical study of DEA, the total number of input and output indicators should be at most 20% of the number of the DMUs. In this study, we will assess the operation efficiency of 60 P2P lending platforms in China. Moreover, DEA generally regards the income index as the output indicator, while regarding the cost index as input indicator.
The input and output indicators of the P2P lending platforms are listed in the The average loan amount per borrower (ALB) Y4
The average loan times per borrower (ALT) Y5
The average interest rate (AIR)
B. Descriptive statistical analysis
In this section, we collect sampling data of 60 P2P lending platforms in China from the homepage of 01caijing, and then carry out a simple descriptive statistical analysis, which is summarized and depicted in TABLE III.
As seen from TABLE II, TRC, TNI, TDV, TNB and ALB has obvious high standard deviation. Intuitively, this observation tells us that the DMUs have significant differences in these indicators. We can also see that AIR has low standard deviation, which shows us that the DMUs have no significant differences in the average interest rate to attract more potential investors. Therefore, more attentions have to be paid on the indicators with high standard deviation, which would result in heterogeneous operation efficiency between the P2P lending platforms. 
C. Identifying efficient and inefficient platforms
In this section, we make operation efficiency analysis by utilizing both CCR model and BCC model, which aim to identify efficient and inefficient platforms.
In general, CCR model can provide technical efficiency (TE) that measures the DMU's ability to produce a maximum output with a certain level of input [18] , while BCC model can provide only pure technical efficiency (PTE) with variable returns to scale [19] .
In the following discussion, CCR model was employed to assess technical efficiency (TE), while BCC model was utilized to measure pure technical efficiency (PTE). Moreover, according to Eq. (3), one can easily obtain scale efficiency (SE) with TE and PTE.
In TABLE III, we present the detailed efficiency of 60 units, including technical efficiency (TE), pure technical efficiency (PTE), scale efficiency (SE) and returns to scale (RTS). In the column "RTS", 1/-1/0 mean that a DMU is increasing/decreasing/constant returns to scale.
It should be noted that the higher the efficiency is, the more efficient the platform is. If the efficiency of a DMU equals to one, it means the DMU is efficient; otherwise, the DMU is inefficient, which need to improve its efficiency by some adjustment toward the input or output.
As seen from TABLE III and TABLE IV, we can draw the following conclusions:
On the basis of CCR model, from 60 P2P lending platforms, there were 24 DMUs (40%) that had technical efficiency (TE) score of 1, which means that these DMUs is DEA efficient; while 36 DMUs (60%) obtained their technical efficiency score less than 1, which means that these DMUs were regarded as inefficient. In TABLE III, the DEA inefficient DMUs were labeled as bold; on the basis of BBC model, 32 DMUs (53%) had the pure technical efficiency (PTE) score of one that these DMUs were technical efficient; these technical efficient can further be classified two groups: one group, including DUM 20, DMU 22, DMU 30, DMU 43, DMU45, DMU 46, DMU 49 and DMU 56, was technical efficient but not DEA efficient, another group of 24 DMUs was both technical
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efficient and DEA efficient; the rest of 28 DUMs gained pure technical efficiency (PTE) score less than one, which were both DEA inefficient and technical inefficient; in the view point of scale efficiency, 26 DMUs (43%) were scale efficient that their scale efficiency (SE) scores equals to one, the rest of 34 DMUs were scale inefficient; 24 DMUs had efficiency scores of one for all 3 types of TE, PTE, and SE, which could be considered as excellent DMUs, while that was acceptable scores between 0.85 and 1 and scores under 0.85 were evaluated worst; 25 DMUs were in constant return to scale under the reasonable scale, 33 DMUs were in increasing return to scale, which should need extra more inputs, DMU 39 and DMU 45 were in decreasing return to scale, which should need even less input.
Moreover, description statistical results of technical efficiency (TE), pure technical efficiency (PTE), and scale efficiency (SE) are summarized in TABLE V. Additionally, Figure 1 and Figure 2 describe the efficiency score distribution of 60 P2P lending platforms.
The results demonstrated that the average technical efficiency, pure technical efficiency, and scale efficiency of 60 DMUs were 0.824, 0.926, and 0.884, respectively. The pure technical efficiency of all units had the best average score 0.926 between technical efficiency, pure technical efficiency, and scale efficiency. 
D. Benchmarks for P2P lending platforms
In this section, we will present the benchmarks that aim to help each DMU to be efficient. In DEA model, the efficient DMUs are selected as reference set and guide other inefficient DMUs toward them [20] . The technical efficiency of DMUs 1-10 and their benchmark sets are shown in TABLE VI, where the technical efficiency of DMUs 1-10, their benchmarks and corresponding weights were depicted in details.
As seen from TABLE VI, for each of DMUs 1-10, the units that their technical efficiency equal to one are efficient, while their technical efficiency less than one are inefficient. Generally, in DEA's benchmarking, the efficient units or their combination can be selected as the best following benchmark units by inefficient units.
In other words, inefficient units can be efficient if it is composed of several efficient units instead of using a single unit as a benchmark. For example, the benchmark units of DMU 8 is labelled as 3(0.142) 57(0.842) 2(0.027), where 3, 57 and 2 are the benchmarking DMUs while the values between brackets are the corresponding weights for the benchmarking DMU 3, 57, and 2, respectively.
Besides, these benchmarks provide directional targets for business operational teams of P2P lending platforms to balance the input and output. By selecting these efficient units as benchmarks, inefficient units can determine the corresponding decrements (or increment) of the current input and output for benchmarking in order to establish the best practice management and achieve excellent efficiency from an operational efficiency point of view. 
IV. CONCLUSION
In recent years, peer-to-peer (P2P) lending has emerged and garnered increasing attention from the academic researchers and industrial specialists. Despite of its popularity, P2P lending often suffers from varying risk events. It's a challenge task to identify a good platform for both the borrowers and the lenders, which would affect their willingness to involve into P2P lending. In this paper, a data envelope analysis (DEA) based method is employed to assess the operational efficiency of P2P lending and identify the efficient and inefficient platforms, where 10input and output indicators are chosen to measure efficiency of P2P lending platforms. Then, on the basis of 60 P2P platforms' sampled data, both CCR model and BCC model are utilized to assess their operational efficiency, including technical efficiency (TE), pure technical efficiency (PTE), and scale efficiency (SE).
From the aforementioned analysis, we draw some conclusions about the operation efficiency of P2P lending platforms in China: firstly, from the view point of technical efficiency, in total 60 P2P lending platforms, 24 platforms (40%) are efficient, while 36 platforms (60%) are inefficient; secondly, from the view point of pure technical efficiency, 8 platforms are technical efficient but not DEA efficient, 24 platforms are both technical efficient and DEA efficient, the rest of 28 platforms were both DEA inefficient and technical inefficient; thirdly, 25 platforms were in constant return to scale, 33 platforms were in increasing return to scale, and 2 platforms were in decreasing return to scale. The results further demonstrated that most of the difference between in efficient and inefficient units lies in the return to scale; finally, we gave some benchmarking units and corresponding weights of inefficient DMUs 1-10 to provide the targets to inefficient units and guide them toward the efficient targets.
In this paper, the main contributions lie in two points. Firstly, it is beneficial to assess operational efficiency of P2P lending platforms in China; secondly, via both the quantitative CCR model and BCC model, it is helpful to identify efficient and inefficient platforms and guide the inefficient units toward their efficient benchmarking targets so as to avoid redundant inputs and insufficient outputs.
In the future work, it's worth developing dynamic analysis by Malmquist index [21] , taking undesirable outputs into consideration in DEA, devoting on random inputs and output by stochastic frontier analysis [22] .
